The operational performance of container ports has received more and more attentions in both academic and practitioner circles, the performance evaluation and process improvement of container ports have also been the focus of several studies. In this paper, Data Envelopment Analysis (DEA), an effective tool for relative efficiency assessment, is utilized for measuring the performances and benchmarking of the 77 world container ports in 2007.
Introduction
Due to the advanced technology and economy of scale in the container transportation operations, the operations efficiency of a container port becomes critically important impacting the overall efficiency of the global logistics network. On the other hand, along with the fast development in the port industry and more efficiently integrated transportation network, the numbers of container ports in those hot economy regions are clearly increased in the recent years, and these ports all face an ever competitive market. Therefore, the proper and precise evaluation of container port performance not only helps a port understand and improve its marketing and competitive position, but also provide a clear and solid base for the local government policy maker for the long term development.
DEA (Data Envelopment Analysis) is a fractional programming model that evaluates the relative efficiency of homogeneous units in the presence of multiple inputs and outputs. The efficiency is defined as the ratio of the weighted sum of outputs to a weighted sum of inputs. DEA has been primarily used to compare the efficiencies of a homogeneous set of decision making units (DMUs) such as schools, hospitals, airlines, manufacturing companies, shops, bank branches, project selection and other environments (Pahlavani, It has been found in the literature that DEA method (Charnes, Cooper and Rhodes, 1978) forms a main stream in the container port performance evaluation. Different version of DEA models are applied for various container port evaluations. Roll and Hayuth (1993) use a CCR 1 DEA model to theoretically rate the efficiency of ports, and 20 container ports with 3 inputs and 4 outputs are evaluated. Martinez-Budria et al (1999) develop a BCC 2 model to examine the relative efficiency of 26 Spanish ports using input and output data during year 1993 to 1997. Tongzon (2001) applies an additive CCR DEA model to empirically test the various factors influencing the efficiency of a 1 The model proposed in Charnes, Cooper and Rhodes (1978) , and named by the first words of these three scholars. 2 The model proposed in Banker, Charnes and Cooper (1984) , and named by the first words of these three scholars.
port. Valentine and Gray (2001) (2004) . There are also DEA based researches concerning the port performance of specified countries, including that Barros (2003a Barros ( , 2003b analyzes the incentive regulation, seaport authorities in Portuguese seaports. Barros and Athanassiou (2004) compare the efficiency from the seaports from Greece and Portugal. Bonilla et al (2004) analyze the efficiency of Spanish port system. Itoh (2002) uses the window DEA model to view the efficiency changes at major Japanese container ports. Martinez Budria et al (1999) study the DEA efficiency of port authorities in Spain.
From the review of above literatures, we can find the operational performances of container ports using DEA have received significant attentions in the literature. However, relatively few academic studies have investigated the complete ranking of container ports and the benchmarking analysis of container ports, which have important implications for the managers of container ports and others.
In this paper, we implement the cross efficiency evaluation method to assess the performance efficiency of 77 world container ports in different countries. Four popular performance measures for the evaluation of container ports, Capacity of Cargo Handling Machines, Number of Berths, Terminal Area and Storage Capacity, are used as the input indexes, one single performance measure, Container Throughput, is considered as the output index. By implementing this DEA analysis, we can calculate the cross-efficiency to provide a unique ordering of the container ports. Using the cluster analysis, we select the more appropriate targets for poorly performing ports to use as benchmarks. An advantage of cross-efficiency over simple efficiency is that the former can be used to rank all DMUs and Doyle and Green (1994) argued that cross efficiency evaluation method is more general, and more powerful than traditional ranking method based on DEA, such as the reference-set count. Cluster analysis is used for identifying benchmarks for poorly performing container ports. Container ports which are inherently similar with respect to their inputs and outputs are classified into the same cluster. The port with the highest score in a given cluster can be used as the primary benchmark for improvement by other ports in that cluster. Besides, some insightful management information on container ports are also revealed.
The rest of this paper is organized as follows. Section 2 gives a brief review of the relevant DEA models. Data descriptions are made in Section 3. Section 4 conducts the numerical testing and analysis. Section 5 draws conclusions and final remarks.
Methodology
In this section, we will provide a brief review of the basic DEA model, cross efficiency DEA model and the benchmarking method based on cluster analysis technique and DEA.
Cross efficiency
The cross-evaluation method was developed as a DEA extension tool that can be utilized to identify best performing DMUs and to rank DMUs, its main idea is to use DEA in a peer evaluation instead of a self-evaluation mode. Cross efficiency evaluation has been used in various applications, e.g., efficiency evaluations of nursing homes (Sexton et al.1986 ), R&D project selection (Oral, Kettani and Lang, 1991) , preference voting (Green, Doyle and Cook, 1996) , and others.
Adopting the conventional nomenclature of DEA, assume that there are n DMUs that are to be evaluated in terms of m inputs and s outputs. We denote the ith input and rth output for ( 
As shown in Table 1 Each of the columns of the CEM in Table 1 is then averaged to get a mean cross efficiency measure for each DMU. For
can be used as a new efficiency measure for j DMU , and will be referred to as the cross efficiency score for j DMU .
In general, the weights of input and output in model (1) may not be unique. Thus, a DMU's evaluation of other DMU's may depend on the first of the many alternate optimal solutions reached. To resolve choice amongst multiple solutions, Sexton et al. (1986) and Doyle and Green (1994) suggested the use of aggressive and benevolent cross-evaluation. A cross-evaluation is aggressive/benevolent in the sense that it selects a set of weights which not only maximize the efficiency of a particular DMU under evaluation, but also minimize/maximize the efficiencies of all other DMUs in some sense.
In situations where relative dominance among the DMUs is to be evaluated, the aggressive formulation is more appropriate (Talluri and Sarkis, 1997). The accordance aggressive formulation of (1) developed by Doyle and Green (1994) is shown as (4) 
where dd E is the efficiency of
The benevolent formulation has the same set of constraints except that the objective function is maximized.
Benchmarking
In DEA, a linear combination of DMU's in the reference set is the target that an inefficient DMU uses to become efficient. According to Doyle and Green (1994) , a difficulty with these conventional reference sets is that an inefficient DMU and its reference sets may not be inherently similar in their practices. Therefore, it is possible that these reference targets are unattainable goals for the inefficient DMU's. Literature has suggested using cluster analysis, principal components, and multidimensional scaling to classify DMU's more accurately into similar groups or clusters.
Cluster analysis is used in this methodology for identifying benchmarks for poorly performing DMU's. Computing the correlation coefficient between pairs of columns in a CEM tells us how similarly those DMU's are appraised by their peers. A high positive correlation coefficient indicates that the two DMU's are inherently similar with respect to their inputs and outputs. This means that these DMU's are performing similarly when evaluated with the optimal weights of other DMU's. Thus, using these correlation coefficients as the elements in a resemblance matrix and executing a clustering method yields clusters with inherently similar DMU's. The DMU with the highest column mean in a given cluster can be used as the primary benchmark for improvement by other DMU's in that cluster.
Data descriptions
The data utilized for the study is derived from two major sources, the relevant issues of the Containerization International Yearbook and two mail surveys sent to selected container ports. Considered the data availability and the usable responses of the selected ports, the sample comprises 56 world's leading container ports in 2007. As some container ports include more than one container terminal (e.g., the Osaka container port of Japan includes Omni Terminal, Osaka Port, OsakaTC1, OsakaTC2, OsakaTC8 and OsakaTC9), the sample for analysis comprises a total size of 77; either container ports or individual terminals within container ports. The ports sample includes 18 ports from Asia (28 terminal operators), 15 ports from Europe (22 terminal operators), 10 ports from North America (12 terminal operators), 6 ports from Latin America (7 terminal operators), 4 ports from Africa (4 terminal operators) and 3 ports from Oceania (4 terminal operators) (the detail is included in Appendix).
The input and output variables should reflect actual objectives and the process of container port production as accurately as possible. As far as the former objective is concerned (Cullinane et al., 2004) , the observed performance of a port need to be closely related to its objectives. Considering the variables in the prior studies, experts' suggestion and the main objective of this paper, we choose the variables listed in Table 2 for analysis. The required data are mainly taken from relevant issues of the Containerization International Yearbook. Important statistics relating to the sample are summarized in Table 3 . Table 4 shows, for each container port, its efficiency in model (1), average cross efficiency and two ranking results based on these two efficiency scores. It can be seen that a total of ten ports (13% of the sample) are considered to be efficient and are on the performance frontier in 2007.
Efficiency analysis
The average cross-efficiency score and its ranking are shown in the last two columns of Table 4 , which indicates that Shekou Port (DMU 14, efficient port) has the highest score of 0.92, and is rated as the port with the best performance by the other ports. Puerto Limon Port (DMU 16), which is shown to be efficient by the analysis of model (1), achieves a score of 0.8444 and is ranked second in the entire set. If we utilize the average cross efficiency to rank these 77 container ports, except for the two ports (DMU 14 and DMU 16) mentioned above, Freeport (DMU 7, 0.8094) is ranked the third place, followed by North Sea Terminal (DMU 20, 0.7939), LYC Dock (DMU 60, 0.7847), Manzanillo Port (DMU 48, 0.7759) and so on. Although LYC Dock (DMU 60, 0.7847) and Manzanillo Port (DMU 48, 0.7759) are considered as inefficient ports by efficiency in model (1), they achieved rather high average cross efficiency, so they are ranked fifth and sixth, respectively, and have better overall performance than some other efficient container ports which are considered by the evaluation of model (1). 
Benchmarking analysis
As discussed in the introduction, although traditional CCR model provides benchmarks for inefficient ports, it has certain limitations. The main issue is that an inefficient port and its benchmarks may not be inherently similar in their practices (Doyle and Green, 1994) . To identify proper benchmarks that can be used by poorly performance ports as a basis for improvement, we firstly compute the correlation coefficient between a pair of columns in cross-efficiency matrix, which can tell us how similarly those two DMUs were appraised by their peers. Then we use these correlation coefficients as the elements in a resemblance matrix and the clustering technique based on an average linkage method is executed. The tree is truncated to obtaining a reasonable level of clustering among the container ports.
The cluster analysis used in this paper is a hierarchical clustering technique and the average linkage method 3 is utilized in deriving the clusters. Figure 1 illustrates the clusters that are identified from the above technique to 77 world container ports in 2007. The clusters are obtained by truncating the dendrogram at a rescaled distance measure of 5 on a scale of 0-25, where 0 represents a correlation coefficient of 1.000 4 . Although the cutoff measure is arbitrarily selected for illustrative purposes in this paper, it basically depends on the similarity level demanded by the decision maker or the number of benchmarking partners that the decision maker seeks in a cluster. As we go from left to right in the dendrogram similarity decreases and dissimilarity increases, which 3 In this method, the distance between two clusters is defined as the average distance between all possible pairs of points within the two clusters. In this way, an average distance is calculated and the two clusters with the smallest average distance between their points are merged at each step. 4 would mean that the benchmarks may not be appropriate as we move towards the right of the diagram. It is evident that in some of these clusters, such as cluster E, the benchmark port itself is not a very good performer. Although this is the case, it is still important for the ports in this cluster to utilize it as a potential benchmark because improvements have to be performed in an incremental manner by first achieving an attainable target before making radical improvement strides. It so happens that the ports in this cluster are relatively poor performers and the most appropriate benchmark for improving their current practices is DMU 65 (LCB1 Terminal B1&LCB Container Terminal 1 Ltd).
Considering the continental factor, we can easily find that the poor-performing container ports always utilize the ports from other continent. For example, in cluster D, DMU 13 (Qingdao Port) from China of Asia should identify DMU 71 (Miami Port) from USA of North America as the benchmark for efficiency improvement, which shows that the trend of globalization has greatly influenced the operations of the container port industry, and the geographical restrictions have been greatly weakened. 
A Priori Clustering analysis
As pointed out by one referee, it may be useful to carry out a priori clustering. That is, cluster all the 77 world container ports only on inputs, and to perform a priori clustering before the DEA efficiency analysis, the advantage of this method is that when units are clustered based on their inputs one can obtain homogenous groups of units with comparable resource levels.
For the purpose of comparison with the cluster results above, for the 4-input and 1-output data set of 77 world container ports in 2007, the same clustering technique is used to generate the homogenous groups of units, i.e., the cluster analysis used in this part is a hierarchical clustering technique and the average linkage method is utilized in deriving the clusters. Figure  2 illustrates the clusters that are identified from the above technique to 77 world container ports inputs and outputs data in 2007. Same to the treatments in section 4.2, the clusters are obtained by truncating the dendrogram at a rescaled distance measure of 5 on a scale of 0-25, where 0 represents a correlation coefficient of 1.000. It is noted that the results of our proposed model which are shown in Figure 1 are very different from the results of priori clustering depicted in Figure 2 . For example, DMU 73 (Savannah Port) from USA is clustered with DMU 50 (Salalah Port) from Oman via priori clustering, while via the proposed approach in the current study, it is clustered with DMU 13 (Qingdao Port) from China, DMU 31 (Darsena Toscana Terminal Port) from Italy, and DMU 71 (Miami Port) from USA. Besides, the differences of the other DMUs between our proposed approach and the priori clustering can be also easily found after considering the results of Figure 1 and Figure 2 . 
Conclusions
In this paper, we have demonstrated a methodology for performance evaluation and process improvement of 77 world container ports. We utilized a combination of multi-factor efficiency models, aggressive cross-efficiency DEA, and clustering methods for evaluating container port performance and in identifying appropriate benchmarks for improving poorly performing ports. Several important and interesting managerial insights were derived from this study. Managers and policy makers for improving the operational efficiencies of ports through benchmarking can utilize the methods in this paper.
As with any technique there are certain limitations to our models. One of the limitations of DEA is its sensitivity to data and parameter selection. If we had selected other parameters (inputs and outputs) or fewer parameters for evaluation, we may have obtained different outcomes. Even though this study provides a random sample of the full population, some extensions to overall industry competitiveness and efficiency may need to be evaluated further. Besides, investigating and evaluating various clustering approaches, factor analysis, and multi-dimensional scaling can all be avenues for future research.
